The segmentation of nonsolid pulmonary nodules in CT images by Browder, William
THE SEGMENTATION OF NONSOLID PULMONARY
NODULES IN CT IMAGES
A Thesis
Presented to the Faculty of the Graduate School
of Cornell University
in Partial Fulﬁllment of the Requirements for the Degree of
Master of Science
by
William Andrew Browder
May 2007c  2007 William Andrew Browder
ALL RIGHTS RESERVEDABSTRACT
Nonsolid nodules are a common radiographical ﬁnding in high resolution CT im-
ages of the lung. A main factor in determining a nodules malignancy status is the
change in the nodule size over time. A method for automatically segmenting a
nonsolid nodule from CT images is presented in this thesis. Precise image segmen-
tation is a prerequisite for determining the volumetric growth rate from multiple
image scans and the corresponding nodule malignancy status.
There has been limited previous work on a segmentation technique for nonsolid
nodules. The methods that have been proposed have lacked clinical validation with
a radiologist ground truth and often include smaller datasets. The method in this
thesis directly compares radiologist ground truth with our automated method and
examines the consistency of growth measurement for further validation.
The segmentation method consists of three stages; bilateral noise reduction, a
probability based voxel classiﬁer and geometric vessel removal. Parameter opti-
mization and validation of the segmentation algorithm is facilitated with a dataset
of 20 nonsolid nodule images in which a radiologist has established ground truth
by outlining the boundary of the nodule in each image that it is visible. The op-
timal parameters were determined using the overlap metric and a training/testing
methodology. The automated method achieved an average overlap of 0.43 with
the radiologist ground truth.
An experiment was conducted to determine whether the radiologist manual
boundaries or the automated segmentations were more consistent at measuring
the volumetric growth between three time scans of the same nodule. Results weredetermined for two diﬀerent growth models (exponential and linear) on a dataset
of 25 nonsolid nodules. The growth variation of the automated method was found
to be 1.87 compared to the radiologist growth variation of 3.00. This suggests
that, if the assumption of consistent nodule growth holds for nonsolid nodules,
then the automated method provides a more precise growth rate estimate than
the radiologist markings.BIOGRAPHICAL SKETCH
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Introduction
Lung Cancer is the most deadly cancer that aﬀects the US population today.
Current statistics indicate that long term lung cancer survival rates (greater than
5 years) are at 14%. Early detection has been shown to signiﬁcantly improve
the survival rate among higher risk populations [1]. An early indication of lung
cancer is the appearance of abnormal tumors (or nodules) in the lung. One of
the most proﬁcient ways to detect malignancy is to examine the nodules growth
rate. An automated segmentation method of lung nodules should provide accurate,
consistent measurements on the growth rate of cancerous lesions.
This thesis focuses on the volumetric segmentation of nonsolid pulmonary nod-
ules in high-resolution CT. Nonsolid nodules are a clustering of cells that grow
along the alveolar structures and bronchial passages. Their appearance in high-
resolution CT consists of a hazy, ground-glass opaqueness with no common shape.
Segmentation of nonsolid nodules is particularly challenging due to their hazy
appearance and lack of well-deﬁned ground truth. The approach presented in
this thesis consists of three stages; image noise reduction in the region-of-interest,
classiﬁcation of voxels and removal of vascular connections. Validation of the seg-
1mentation method is accomplished by comparing the automated method results
with the radiologist boundary ground truth markings of the lesion.
An additional experiment looks at the consistency of growth measurement and
examines whether the automated method is more consistent at measuring growth
than the radiologist.
1.1 Problem Statement
The process of computer-aided-diagnosis (CAD) of pulmonary nodules consists of
two stages; detection and analysis. In the detection phase, possible nodules are
discovered by examining a CT scan of the entire chest. The analysis phase segments
these nodules individually and provides speciﬁc feature information that aids in
diagnosis. This thesis is focused on the analysis of a speciﬁc type of pulmonary
nodule, nonsolid or ground-glass opacity (GGO) as discussed in other literature.
The goal of nonsolid segmentation is to generate a binary, volumetric (3D)
representation of the nodule. There are several challenges to this process resulting
from the nature of the nodules themselves. Nonsolid nodules grow along alveolar
walls and bronchial structures and have a translucent appearance in CT images.
The non-uniform nature makes segmenting these structures diﬃcult, since their
appearance has great variability. Image scan noise and vessel interactions are two
other challenging aspects to segmentation, since noise can distort the nonsolid
region and vessels may signiﬁcantly contribute to the volume of the nodule.
It has been known that the growth rate of lung nodules is a powerful indicator
of potential malignancy. Given three or more scans of the same nodule taken over
time, the volumetric growth rate of the nodule can be determined between two
2intervals. Using boundary markings of the nodule done by a radiologist, we can
compare the consistency of our automated method in measuring constant growth
to that of the radiologist.
1.2 Previous Work
There have been few papers focusing on nonsolid nodule segmentation methods.
Acquisition of a dataset of suﬃcient size is a considerable problem with nonsolid
nodules, since they are less common than solid nodules. An additional concern is
the challenge in developing an appropriate segmentation evaluation metric. Several
approaches have been proposed and are outlined in the following section.
1.2.1 Nonsolid Segmentation Methods
An anisotropic gaussian ﬁtting method has been proposed to determine the vol-
umetric size of both solid and nonsolid lung nodules[2]. The extent and location
of solid nodules was the primary focus and only contained 10 nonsolid nodules
out of a database of several hundred nodules. Results were assessed by visual
interpretation by an expert observer.
A markov-random ﬁeld (MRF) model for the intensity distribution of the nod-
ule has been developed as a segmentation technique [3]. Vessels were removed from
the nodule by using morphological processing through erosion and dilation opera-
tions. The results focused exclusively on the consistency of measurement from the
automated segmentations on 25 nodules. This was deﬁned as the diﬀerence in re-
peated automated segmentations of the same nodule with diﬀerent seed/selection
points. There was no comparison of growth rate computation or segmentation
3accuracy.
A deformable model has been proposed to deﬁne the boundary of nonsolid
lung nodules[4]. This approach uses a level set method to classify the nodule into
one of several regions in order to remove vascular structures within the nodule.
The level set procedure in this paper was used on 2D slices of the 3D data and
would require a higher order level set function to support a three-dimensional
volumetric segmentation. Results were reported on three cases and were qualitative
in assessment.
A segmentation method that relies on a nodule model and watershed method
has been reported[5]. A set of 23 cases provided by the LIDC were examined and
the coincident rate between the radiologist marking and the automated segmen-
tation result was reported. It was unclear how many of the nodules were pure
GGO or solid nodules within the dataset. No results were reported on accuracy of
growth rate computation.
Table 1.1: Comparison of Nonsolid Nodule Segmentation Methods
Author Segmentation Method Cases Results
Okada [2] Gaussian Fitting 10 Visual Assessment
Zhang [3] Markov Random Field 25 Automated Consistency
Yoo [4] 2D Level Set 3 Visual Assessment
Tachibana [5] Watershed 23 Volumetric Overlap
A comparison of all the diﬀerent segmentation methods is given in Table 1.1. All
of the methods consist of a unique approach to solving the segmentation problem.
Each method reports results with a unique evaluation metric and with as few as 3
cases. There were no reported results on growth consistency or clinically relevant
4measurement accuracy.
1.2.2 Clinical Research
There has been a signiﬁcantly broader spectrum of work done on the clinical nature
of nonsolid nodules. This work has focused primarily on characterizing growth
and malignancy patterns. The increase in studies is due to the recent advent of
higher-reoslution CT scanners that have enabled physicians to better study and
characterize these types of nodules. A brief overview of some of the more important
papers is given below.
Henschke et. al. [6] looked into the frequency of occurrence of these types of
nodules and found a higher rate of malignancy in the case of part-solid nodules.
The growth rates of these types of nodules are diﬀerent from those of solid nodules
and require further study. Additionally, the incident rate of nonsolid nodules
occurring in a sample screening population was also reported, as 20% of the baseline
scans.
Suzuki, et. al. [7] classiﬁed nonsolid nodules into 6 diﬀerent categories based on
part-solid component and nonsolid density/extent. This study found that purely
nonsolid (GGO) type nodules could be considered as early radiologically indicative
of adenocarcinoma (cancer) of the lung. Part-solid nodules, or nodules with both
solid and nonsolid component were found to be particularly invasive.
Hasegawa, et. al [8] published a massive screening study on the growth rate
of small cancers in the lung. This study included nonsolid nodules modeled with
exponential growth curves and calculated the two-dimensional volumetric doubling
time. Nonsolid nodules made up 19 cases in the study and were found to have
signiﬁcantly longer doubling times when compared to solid nodules.
51.3 Nonsolid Nodules
A nonsolid nodule can be considered a clustering of cells along the alveolar wall
and partial ﬁlling of the air spaces in the lung. These characteristics result in an
appearance of thickened tissue, with higher attenuation than that of the surround-
ing lung parenchyma. In medical literature, this region is commonly referred to as
GGO, or ground-glass opacity, for its characteristic appearance in CT scans. An
image of a nonsolid nodule is shown in Figure 1.1. In this example, a nonsolid
nodule is intersected by a vessel through its center.
Figure 1.1: Example nonsolid nodule. The leftmost image is the zoomed-
in scan of the largest slice of the lesion. The montage of all images in
shown to the right.
Nonsolid nodule appearance in high-resolution CT can be described as a non-
uniform region of tissue that has slightly less attenuation value than that of the
background lung parenchyma. Its shape is characteristically undeﬁned and can
spread out along the alveolar structures and bronchial walls. Nonsolid tissue ap-
6pears hazy in high-resolution CT scans (and hence the name, GGO) and interacts
with all the structures within the lung. These nodules are commonly found sur-
rounding vascular structures.
The translucent appearance of the nonsolid nodule can in some cases contain
a centrally located solid component surrounded by nonsolid tissue. These types of
nodules are considered part-solid and are believed to have diﬀerent growth char-
acteristics when compared to strictly nonsolid nodules [6]. The main focus of this
research has been on nonsolid type nodules and the nonsolid component of part-
solid nodules. Earlier work on the segmentation of solid lung nodules by Kostis,
et. al. [9] is utilized for the isolation of the solid component of part-solid nodules.
1.3.1 Nonsolid Nodule Types
Nonsolid nodules can be broadly classiﬁed into one of three major types; speciﬁed
by the structures that the nodule interacts with. In the ﬁrst type (Figure 1.2
leftmost image) the nonsolid nodule is shown in the middle of the image as a
region of voxels with slightly higher attenuation than that of the surrounding lung
parenchyma. This is the simplest case to segment, since the nodule is clearly
separated from the pleural surface and free from signiﬁcant vessel connections.
Signiﬁcant is deﬁned as a vessel that contributes to 30% or more of the nodules
total volume. A majority of the cases (more than 70%) have small connections to
vessels that interact with the nodule. Other factors that hamper the segmentation
of these nodules are image noise and partial volume eﬀect that obscures the true
boundary.
The second type is shown in Figure 1.2 (middle image) and involves a nodule
with signiﬁcant vascular interaction. The example shown in the ﬁgure shows a
7Figure 1.2: High-resolution CT images of the three nodule types. These
images are windowed to improve the viewing contrast. The leftmost
image is that of an isolated nonsolid nodule. The middle image is a
nodule with signiﬁcant intersection of a vascular structure. The right-
most image is a nonsolid nodule that is connected to the pleural surface.
nonsolid nodule growing around a large vessel. These cases are challenging due to
the fact that voxels on the periphery of vessels are similar in intensity to nonsolid
tissue. Removal of these vessels, especially on the connected periphery of the
nodule is important to report an accurate measurement of the nodule’s true volume.
The third type of nodule is shown in Figure 1.2 (rightmost image). This non-
solid nodule is one that grows attached to the pleural or mediastinum surface.
These types of nodules are least common of the three types and have several chal-
lenges unique to their location in the lung. Removal of the attachment surface
is the ﬁrst task and is made signiﬁcantly easier by the fact that nonsolid nodules
have distinctly diﬀerent attenuation values when compared to voxels comprising
the surface. Issues such as noise and small vessels likewise impact segmentation of
these nodules much in the same way as the other two types.
81.4 Nonsolid Nodule Database
One objective of this research is the creation of a large database of nonsolid nodules
(nonsolid and part-solid). These nodules occur less frequently than solid nodules
and are more diﬃcult to detect at smaller sizes. The nodules were selected from
the ELCAP screening database with the criterion of having a nonsolid nodule
located by a radiologist present in the scan. The size distribution of the database
is included in Figure 1.3. The size range of nodules in the database is 6mm diameter
to 17.5 mm diameter, with a median size of 10 mm and mean of 10.29 mm.
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Figure 1.3: Size distribution of nonsolid nodules in the database. The
average size was 10.29 mm and the median size was 10 mm.
9The majority of the nodules occur within the 8-12 mm size range. This is
expected, since nonsolid nodules smaller than 6 mm are hard for the radiologist to
detect. They are often miss-characterized as noise or other imaging artifact due
to their inconsistent appearance. Nodules larger than 12 mm are watched more
closely and commonly resected if any change in size occurs.
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Figure 1.4: Nonsolid Nodule characterization. Breakdown of nodule
database into nonsolid and part-solid nodules. The three categories
are isolated (no attached structures), attached to pleural surface, and
connected to vessel.
The chart in Figure 1.4 is the distribution of nonsolid and part-solid nodules
across the three characterization categories introduced earlier in Figures 1.2 and
101.2. The ﬁrst category, isolated nodule, is deﬁned as a nodule with no signiﬁcant
connections to vessels (less than 30 % of total volume overlap) and no attachment
to pleural surface. The second category occurs when the nodule exhibits signiﬁcant
interaction with a vessel, signiﬁcant is deﬁned as greater than 30 % of total volume.
The third and ﬁnal category are nodules that are connected to the pleural or
mediastinum surface.
The predominant type of nonsolid and part-solid nodule is classiﬁed as isolated,
or a lesion without signiﬁcant connections to vessel structures and pleural surface.
This is the simplest case for the segmentation method and consists of 67% of the
nonsolid and 79% of the part solid cases. Vessel removal is still a consideration
for these nodules, since there can be smaller vessel connections that impact the
segmentation. Nodules with signiﬁcant vessel connections make up the second
most common type. The third and least common type is the nodule attached
to the pleural or mediastinum surface. Surface removal from the nonsolid nodule
is less challenging due to the diﬀerence in tissue intensity of the surface and the
lesion.
1.4.1 Experimental Datasets
There were two datasets that were selected from our database for experimental
validation and evaluation of our segmentation algorithm. The ﬁrst dataset (consis-
tency dataset) consisted of 25 nonsolid nodule cases for use in a growth consistency
and density determination study (Chapter 4). Each case consisted of 3 time scans
of the same nodule, for a total of 75 scans. A second dataset (validation dataset)
consisted of 20 nonsolid nodules from the ﬁrst dataset and was used to determine
the optimal algorithm parameters (Chapter 2).
11Each nodule scan in both datasets contained a three-dimensional boundary
marking completed by a trained radiologist. The ﬁrst step in this process is to
locate the ﬁrst slice of the nodule in the CT image. A boundary of the lesion is
then marked using an interactive connected line drawing tool. Once the boundary
is complete for one slice of the nodule, the next image is marked until the nodule
no longer exists in the image. An example of this procedure is given in Figure 1.5.
This data formed ground truth for our validation experiment.
Figure 1.5: Boundary Marking Technique for Radiologist; The boundary
of the nodule is outlined on all slices on the nodule
The size information for the nonsolid nodules used in both datasets is given
in Table 1.2. The range of sizes selected for this research is 7.5mm to 17.5mm.
Nonsolid nodules smaller than 5mm were rarely detected by radiologists and are
often confused with noise and other artifacts. Nodules larger than 20mm are
12commonly resected from the patient and further growth study of such nodules is
diﬃcult. The median size of both datasets was between 10 and 11 mm diameter
and this was representative of nonsolid nodules in the database.
Table 1.2: Median, Min and Max Size of Nodules in Datasets
Dataset Median Size Min/Max Size
Validation Dataset 10.6 mm (diameter) 7.5 - 16.2 mm (diameter)
Consistency Dataset 11.0 mm (diameter) 7.5 - 17.5 mm (diameter)
The interval time in days between consecutive scans is given in Table 1.3. This
value is important in assessing the accuracy of growth-related computations. A
longer time interval is less susceptible to noise in size measurements, particularly
a problem with smaller size nodules. Shorter time intervals may overestimate the
growth rate calculation and could lead to erroneous clinical conclusions. In order
to reduce this eﬀect, we limited the number of cases with time intervals less than
100 days. The median value for the consistency dataset was 366 days.
Table 1.3: Scan time intervals for Consistency Dataset
Dataset Median (days) Min/Max Interval (days)
Consistency Dataset 366 84 - 1033
The scan resolution information is in Table 1.4. In both datasets, whole lung
scans with axial resolution of 1.25mm are the most prevalent scan type. Targeted
scans typically have higher planar resolutions (x and y) compared to whole lung
scans. In terms of axial resolution (z-plane) there is signiﬁcant resolution diﬀerence
with all three scan types. The scans were generated on either a GE Medical
Systems Lightspeed Ultra scanner or a GE Medical Systems QX/i scanner.
13Table 1.4: Scan type information for Datasets A and B
∼0.6X1.25mm ∼0.6X2.5mm ∼0.18X1.00mm
Validation Dataset 15 0 5
Consistency Dataset 50 10 15
Scan Type Whole Lung Whole Lung Targeted Scan
1.4.2 CT Scanner
The CT scanner parameters such as X-ray dosage and reconstruction resolution
are important in determining the quality of the CT image. These factors need to
be taken into consideration when designing a segmentation algorithm. The dose
amount aﬀects the level of image noise in the scan. A CT image’s resolution is
determined by the in-plane and axial resolution. The in-plane resolution is the x
and y pixel dimensions in a single slice of a CT image. The axial resolution is
the dimensions between each successive slice of the CT image. One of the major
considerations in CT imaging is the diﬀerence in axial and planar resolution on
scans.
Table 1.5 outlines the parameter values for the CT images used in the nonsolid
image database. Both whole lung scans (low-dose CT scans of the entire lung)
and targeted scans (high-dose CT scans of a small region in the lung) exist in
the database. The whole lung scans comprise more than 75% of the dataset and
targeted scans make up the rest. The images were acquired using GE Lightspeed
Ultra, Highspeed CT and Lightspeed QX/i scanners. The discrepancy in scanner
model and image parameters is due in large part to the fact that these are from
screening databases that have acquired scans over several years. Over this time
period, the scanner technology has improved the quality of the scans and reduced
14Table 1.5: CT Scanner Parameters
Manufacturer GE
Model Lightspeed QX/i
Highspeed CT/i
Lightspeed Ultra
in-plane res (mm) 0.15 - 0.35
axial resolution (mm) 0.65 - 2.5
x-ray tube current (mA) 200-360
x-ray tube voltage (kVp) 120, 140
the slick thickness.
1.5 Section Outline
The remaining sections in this thesis cover the segmentation method, parameter
validation, consistency of growth results and density results. Chapter 2 focuses
on describing the methods used in the segmentation algorithm and their rationale
based on an examination of the data. Chapter 3 presents a series of validation
experiments to determine the optimal parameters for each stage of the segmenta-
tion method. Chapter 4 compares the consistency of growth measurement of the
segmentation method with the radiologist boundary markings. Chapter 5 presents
a method for the determination of the density of the lesion. Chapter 6 includes a
concluding discussion of the results and possible future improvements.
15Chapter 2
The Segmentation Method
In this chapter, the nonsolid nodule segmentation method is described. This
method is comprised of three main stages; noise reduction, voxel classiﬁcation
and attached vessel removal. Each of these stages is considered in turn with re-
spect to the algorithm and rationale. An overview of the segmentation process
including the image pre-processing and visualization is given in Figure 2.1.
The ﬁrst stage of the algorithm is to locate the position of the nodule in the
image and obtain an estimate of the nodule size. This is achieved by accepting
two points placed across the largest slice of the nodule. The line between the two
points gives the largest extent of the lesion. The center point on the line gives an
estimate of the nodules location. The nodule is then clipped out of the image with
a sphere three times the size of the estimated lesion size to form a ROI (region-of-
interest) around the nodule. The ROI is then resampled into isotropic space using
a trilinear interpolation technique[9].
The nonsolid nodule segmentation algorithm consists of three stages; bilateral
noise ﬁlter, voxel classiﬁer and the vessel removal ﬁlter. The visualization stage of
the algorithm converts the binary image into a polygon ﬁle for three-dimensional
16viewing. The grouping of multiple time points of the nodule allows the investigator
to view the change in size of the lesion over time.
Radiologist marks two points 
indicating the length of the 
largest slice of the nodule
Nodule is resampled into 
isotropic space 
Pre-Processing Stage
Stage 1:
Bilateral Noise Filter
Stage 2:
Voxel Classiﬁer
Nonsolid Nodule 
Segmentation
Algorithm
Stage 3:
Vessel Removal Filter
Convert binary image to 3D 
polygon
Group nodules to determine 
volumetric growth rates
Visualization Stage
Figure 2.1: Flowchart of nonsolid segmentation method.
172.1 Noise Filter
Nonsolid nodule segmentation is the process of isolating the nodule from the sur-
rounding structures in the lung. One of the challenges with nonsolid nodules is
image noise. In the case of suﬃciently noisy scans, voxels that should be classiﬁed
as parenchyma tissue may be considered nonsolid and give erroneous volumetric
results. Therefore, it is important to reduce any noise occurring near the intensity
range of nonsolid voxels, especially in the case of the parenchyma tissue.
Selection of a noise ﬁlter for use with lung CT images of nonsolid nodules is
dependent on two main objectives. The ﬁrst is that the noise ﬁlter preserve the
original boundary of the nodule. A low-pass ﬁlter on all voxels may reduce the
eﬀect of noise within the parenchymal region, but will also smooth out the nodules
boundary, potentially aﬀecting its volume. The second goal is the smoothing of
homogeneous regions in the image to reduce voxel miss-classiﬁcation. Image noise
and artifacts may cause shifts in voxel intensity in otherwise homogeneous regions.
An experiment was conducted to examine the noise occurring within the paren-
chyma region of the CT scan. A set of 30 scans were examined and manual
markings of samples in the parenchyma region of the scan were taken. Each scan
was resampled into isotropic voxel space of 0.25mm3 to better approximate the
intensity values that would occur in the segmentation algorithm. The results are
in Table 2.1.
Table 2.1: Noise analysis results for 30 samples of Parenchymal region
Average Stdev Median Stdev Range
90.6 HU 89.7 HU -989 HU - (-820 HU)
The noise measurement experiment indicates that there is signiﬁcant noise that
18occurs within the parenchyma region of CT scans. The average standard deviation
of the parenchyma tissue samples was over 90 HU. This is signiﬁcant since nonsolid
and parenchyma voxels occupy similar intensity characteristics. It is the hypothesis
of this work that the addition of a noise ﬁlter will help smooth out the noise
occurring in the parenchyma and improve segmentation of the nonsolid lesion.
2.1.1 Bilateral Filter
Tomasi’s bilateral ﬁlter [10] was introduced in 1998 as a noise reduction ﬁlter for
gray and color images. Since then it has seen a few applications involving medical
imaging [11]. The bilateral ﬁlter works by encompassing both spatial and intensity
information to smooth only voxels that exhibit a high degree of similarity. The
result is that the homogeneous regions are smoothed, while the edge information
in the image is retained.
Ismooth(x) = kd
−1(x) ·
∞ X
−∞
f(n) · c(n,x) · s(f(n),f(x)) (2.1)
The equation 2.1 is the discrete formulation for the bilateral ﬁlter. The x term
represents the current pixel location, whereas the n term denotes a neighbor of
voxel location x. The kd(x) term represents the neighborhood kernel of the function
and is used to normalize the results. The neighborhood was ﬁxed to a kernel of size
5x5x5 to achieve eﬃcient runtime behavior. The c(n,x) and s(f(n),f(x)) functions
represent the closeness and similarity functions respectively. Both the similarity
and geometric closeness functions can be deﬁned as gaussian functions of their
euclidean distance. The closeness function c(n,x) is deﬁned below in Equation
2.2. The similarity function s(n,x) is deﬁned in equation 2.3.
19c(n,x) = e
− 1
2(
d(n,x)
σd
)2
d(n,x) = ||n − x|| (2.2)
s(n,x) = e
− 1
2(
a(f(n),f(x))
σr )2
a(n,x) = ||n − x|| (2.3)
An example image with an unﬁltered CT image and its noise ﬁltered output
are given in Figure 2.2. The value of the distance parameter σd was set to 10
and the value of intensity parameter σr was set to 100. The edges of the nonsolid
nodule remain intact, while homogeneous regions, such as vessels and parenchyma
are smoothed.
Figure 2.2: The left image is the high-resolution CT scan of the nodule.
The right image is the bilateral smoothed image of the same scan with
parameters σd=10,σr=100, deﬁned in equations 2.2 and 2.3
202.2 Voxel Classiﬁer
The second stage of the nonsolid segmentation method is the voxel classiﬁer. The
objective is to classify each voxel in the image ROI as the closest tissue class that it
represents. This section covers the description of the method and rationale behind
its use.
2.2.1 Three Class Voxel Model
Voxels occurring in the CT image can be classiﬁed as one of three types: solid,
nonsolid and parenchyma. Solid voxel types are the most dense, appearing brighter
on a display and are composed of bone, muscle and solid tissue. Nonsolid voxel
types are only slightly more dense than that of the background lung parenchyma
and appear hazy and diﬀuse. They are common with nonsolid lung nodules and
bronchial infections. Lung parenchyma are voxels with signiﬁcantly less dense
volume than that of solid tissue. They appear dark in high resolution CT and
make up a majority of the volume within the lung.
An experiment was conducted to determine the intensities of the three ma-
jor types of tissue that can impact the segmentation of nonsolid lung nodules.
Ten regions were selected representing one of each tissue type. Nonsolid tissue
was selected with rectangular 2D patches in the center of the lesion. Solid tissue
was examined by sampling larger-size vessels (those with diameters signiﬁcantly
larger than the slice thickness) in 2D rectangular patches. Parenchyma tissue was
analyzed by ﬁnding 2D rectangular regions containing only parenchyma tissue.
The tissue experiment results are given in Table 2.2. The nonsolid and paren-
chyma distributions are much closer in intensity than the solid and nonsolid dis-
21Table 2.2: Samples from three voxel tissue types
Classiﬁcation Median µ Median Stdev Median Range
Nonsolid -680 HU 58 289
Parenchyma -810 HU 63 337
Solid -294 HU 164 430
tributions. Both nonsolid and parenchyma have median standard deviations near
60. Solid tissue has a signiﬁcantly higher standard deviation, due in part to the
challenge of selecting an ideal rectangle covering only denser tissue. In Figure 2.3
there is a histogram of the various tissue types occurring in CT images. The non-
solid and parenchyma distributions commonly overlap one another, whereas solid
tissue is more separated. A successful classiﬁcation approach would need to handle
classifying voxels with limited intensity separation.
Figure 2.3: Histogram model of the tissue types in a typical CT scan
222.2.2 Probabilistic Model for Classiﬁcation
Simple thresholding the voxels with a nonsolid tissue value is complicated by sev-
eral factors. As Figure 2.3 has shown, there is overlap between intensity distri-
butions of nonsolid and parenchyma voxels. This makes a strict separation of the
voxel classes challenging. Voxels occurring at the boundary between nonsolid nod-
ule and parenchyma are partial voxels that can match the intensity characteristics
of both classes.
The proposed method is a probabilistic approach to voxel classiﬁcation. Rather
than determining a strict intensity-based demarcation for each class, membership
is determined by a gaussian probability function. In addition to intensity infor-
mation, a local neighborhood term is utilized to aﬀect class membership based on
nearby voxels. This neighborhood information is meant to compensate for vari-
ance of tissue density within the nodule itself and for boundary voxels that have
intensities closer to parenchyma tissue.
Table 2.3: Probability Model Parameters
Parameter Function
τns Nonsolid tissue intensity value
τs Solid tissue intensity value
σ Standard deviation of gaussian probability function
The classiﬁer parameters are given in Table 3.1. The probability membership
function for the nonsolid classiﬁcation is a gaussian function described by the τns
and σ terms (equation 2.4). The τns term controls the intensity center location of
the probability curve. The σ is the standard deviation of the the gaussian function.
The probability function is dependent on only one input, the intensity level of the
23voxel. The V term is deﬁned as V = τns − I(v), which is the diﬀerence between
the nonsolid tissue level and the voxel intensity.
P(I(v)) =
1
√
2πσ
e
− V 2
2σ2 (2.4)
Incorporation of neighborhood information during the classiﬁcation stage can
also reduce the impact of image noise. In our probability function (equation 2.5),
equal weight was given to intensity and neighborhood information, where N(k)
represents the three-dimensional 6-way connected neighborhood.
Pvoxel−class = 0.5 · P(I(v)) + 0.5 ·
n X
k=0
N(k) · P(I(v + k)) (2.5)
The solid tissue intensity level, τs, is set to demarcate nonsolid and solid voxels
by a simple threshold. This is due to the lack of signiﬁcant class overlap between
nonsolid and solid voxels. Solid tissue is dense enough that a single intensity
threshold can be used to seperate the class. This solid voxel intensity level (τs) was
determined using an adaptive method proposed in [12]. The τns and σ parameters
for the model were determined in an experiment discussed in the following section.
An example output image from the voxel classiﬁer is given in Figure 2.4. The
voxels colored gray are those that are classiﬁed as nonsolid. White-colored voxels
are those matching intensity levels of solid tissue. The black voxels are classiﬁed
as parenchyma.
2.3 Vessel Filter
The third and ﬁnal stage of the nonsolid nodule segmentation algorithm is the
vessel removal ﬁlter. The objective is to remove vascular appendages to the nodule,
24Figure 2.4: Example input and output to the voxel classiﬁer method. The
input (left image) is the Lung CT image. The output image (right) is
the three voxel class output image.
while retaining the original boundary as much as possible. This is important in
order to achieve a consistent and reliable volumetric measurement of the nodule.
This section is divided into two parts; the ﬁrst is an introduction into vessel removal
and its role in segmentation. The second part focuses on the vessel removal method.
2.3.1 Vessels in Lung CT
Vessels appear in lung CT as one of two forms. The ﬁrst is composed of both
a nonsolid component and a part-solid component. These vessels typically have
a diameter larger than the axial slice thickness of the scanner (which for this
study is 1.25mm). They appear solid in the center and often consist of partial
voxels along the periphery due to the PSF (point-spread function) of the scanner.
These partial voxels on the edge of the vessel exhibit intensities similar to those
25of nonsolid tissue. A second type of vessel is one that has a diameter less than
the scanner axial resolution. These vessels appear hazy and diﬀuse, with intensity
characteristics that make them indistinguishable from nonsolid tissue. In Figure
2.5 there is a nonsolid nodule with both small and large vessel connections. Larger-
size vessels occur near the bottom image and interact directly with the lesion,
growing alongside the nonsolid component. Smaller size vessels (near the top of
the image) appear much less distinctively and have the same intensity values as
the lesion itself.
Large Vessel with part-
solid appearance
Small Vessel with nonsolid 
component
Figure 2.5: Example nonsolid nodule shown interacting with both small-
size and large-size vessels.
262.3.2 Previous Work
There has been extensive work in the area of vessel segmentation and removal.
A survey paper by Sluimer [13] in 2006 outlined many of the major approaches.
Hessian matrix enhancement ﬁlters work by highlighting elongated cylinder-like
structures based on 2nd order partial edge information. This approach is eﬀective
for vessels with signiﬁcant diﬀerence in intensity with the background parenchyma
voxels. Smaller-size vessels are more challenging due to the lack of intensity sepa-
ration.
Region growing is another popular approach to segmenting trees of vessels.
This approach often requires a start or seed point to begin the process of seg-
mentation. Segmentation using region growing is eﬀective when the vessels have
uniform intensity characteristics and match well using the homogeneity criterion
function. Smaller-size vessels have diﬀerent intensity characteristics from those of
larger vessels, complicating the region growing function.
Morphological processing is a common approach to removing vessels. By apply-
ing a series of opening/closing operations on binary voxels, connected smaller-sized
structures can be eliminated from the main object. One of the large issues with
this method is that part of the nodule can be destroyed during the erosion opera-
tions. An extension of this work involves regulated morphological processing[14].
In regulated morphology, operators such as dilation and erosion are restricted in
scope to voxels that have particular characteristics, such as volume or size.
2.3.3 Vessel Removal Filter
The proposed vessel removal ﬁlter consists of a two-stage algorithm that models
the structural characteristics of both large and small vessels that can occur in
27lung CT. Vessels are structurally more similar to elongated cylinders, whereas
nonsolid nodules do not have a speciﬁc shape model. By designing the ﬁlter with
features that pertain to vessel-like objects, the removal of vessels without signiﬁcant
modiﬁcation of the nodule’s volume can be accomplished. The proposed method
builds on the idea of regulated morphological processing[14]. This approach only
dilates/erodes voxels that meet speciﬁc feature characteristics. A ﬂowchart of the
vessel removal algorithm is given in Figure 2.6.
Figure 2.6: Flowchart of Vessel Removal Algorithm
The pre-processing stage of the vessel ﬁlter removes all voxels classiﬁed as solid.
This reduces the size (volume) of vessels with part-solid component by only leaving
the portion of volume occupied by nonsolid voxels occurring on the periphery of the
vessel. This reduces the needed size of the morphological kernel and consequently
can improve performance and accuracy.
Mpqr =
kz−1 X
z=0
ky−1 X
y=0
kx−1 X
x=0
x
py
qz
rI(x,y,z) (2.6)
The two-stage algorithm is built around 3D moment analysis [15],[16]. In this
process a spherical three-dimensional kernel is used to compute the 3D moments
about a binary object. The 3D discrete form of the moments is given in equation
2.6. The kx,ky,kz terms are the bounds on the kernel function that is used to
calculate the moment values.
28Kernel Sizing
The sizing of the spherical kernel was the estimated diameter of the nodule. This
is calculated from the two-points selected by the investigator as the largest extent
of the nodule. In order to remove vessels of varying sizes, an iterative approach is
followed by reducing the size of the kernel by a factor of 2 on each iteration. The
size is reduced until the kernel is 1.0, in which case the algorithm terminates. The
starting kernel size (Vs) is given in equation 2.7, where Ns is the estimated nodule
size.
Vs =
Ns
2
+ 1 (2.7)
3D Moments
The ﬁrst stage of the algorithm examines the zeroth order moment of the binary
object within the kernel. The M000 term can be described as a volume occupancy by
dividing by the total number of voxels within the kernel. The calculated volume
occupancy is then compared against the size ratio parameter (rs). Voxels that
are greater in volume occupancy than the rs parameter are left intact and not
considered by the algorithm any further. Voxels that are less than the volume
occupancy of rs are passed to the second stage of the ﬁlter (equation 2.8)
rs >
M000
Total
(2.8)
The second stage of the ﬁlter calculates the ﬁrst and second order moments. By
examining the ellipsoid of inertia of the binary region, voxels exhibiting structural
similarities to cylindrical objects can be removed. The 3D ellipsoid of inertia can
be computed by solving the system of equations given by equation 2.9.
29Ax = λx (2.9)
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

 

 

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

 

 

(2.10)
The solution to this system is the orthonormal basis of eigenvectors ei that
point in the direction of the three principle axes of the ellipsoid of inertia. The
corresponding eigenvalues λi can then be compared in a ratio to determine the
structural characteristics of the binary object. The ratio of the two largest eigen-
values is then compared to the er1 parameter (equation 2.11). Voxels with ratios
larger than the er1 parameter are removed, whereas voxels with less than the ratio
are retained. The vessel model shape, the cylinder, has an eigenvalue ratio higher
than that of non-cylindrical objects.
er1 >
λ1
λ2
(2.11)
3D Connected Component Analysis
The ﬁnal stage of the algorithm is executed once all the spherical kernels have
been processed. The 3D connected component analysis ﬁlter ﬁrst labels all 4-way
connected binary objects. The largest object is then selected, removing all other
labeled objects in the image. Disconnected voxels not entirely removed by the
ﬁlter will be removed during this stage of the algorithm, leaving only the nodule
as the largest volume component.
Figure 2.7 is the input to the vessel ﬁlter (output of voxel classiﬁer) and its
binary output on the right with vessels removed. The boundary of the nodule
30Figure 2.7: Image on the left is the voxel classiﬁed image (white-solid,
gray-nonsolid, black-parenchyma). The image on the right is the vessel
removal ﬁlter binary output.
is well-retained, while smaller vessel attachments are removed. The white voxels
(solid components) were the centers of vessels that intersected with the volume of
the lesion.
31Chapter 3
Optimal Segmentation Parameter
Estimation
In this chapter, we present experiments designed to determine the optimal param-
eters for the segmentation method outlined in Chapter 2. There are two goals
for this experimentation. The ﬁrst is to determine the optimal parameters of the
segmentation algorithm with respect to a series of three-dimensional radiologist
boundary markings. The second objective is the validation of improvement in
each stage of the algorithm.
3.1 Method
The segmentation parameter estimation consists of a series of experiments de-
signed to both validate performance improvement and determine the optimal set
of parameters for each stage of the algorithm. A validation or performance metric
must be deﬁned to compare diﬀerent nodule segmentations for accuracy. A set
of three dimensional nonsolid nodule boundary markings were made by a trained
32radiologist. Comparing the binary segmentation result from the algorithm to the
radiologist markings can provide an assessment of accuracy to the segmentation
results.
To compare the radiologist and automated method an overlap method is used
to determine the agreement between the two binary segmentations [17, 18]. Two
binary segmentations of the nodule are compared, one from the radiologist bound-
ary markings and the other from the automated method. We can deﬁne the overlap
metric as the intersection of voxels existing in both radiologist (R) and automated
method (M) segmentations over the union of both sets. This relationship is deﬁned
in equation 3.1.
Overlap =
R
T
M
R
S
M
(3.1)
The overlap result ranges in value from 0.0 (no agreement) to 1.0 (total agree-
ment). An illustration of the overlap metric is given in Figure 3.1. The darker
shaded region is the overlap or intersection between both the radiologist and au-
tomated method segmentations. The region deﬁned as a lighter shade of gray is
the union of both segmentations.
Evaluation of the segmentation algorithm follows a training/testing methodol-
ogy. The dataset used in these experiments was the validation dataset introduced
in section 1.4.1. The dataset was then randomly partitioned into two separate and
equal size sets; one for training and one for testing. The training dataset was used
in the evaluation of the algorithm parameters in the following experiments. The
testing dataset performance was determined once the optimal parameters of the
model had been computed.
33Figure 3.1: Figure depicting the overlap of two segmentations of the same
nodule.
3.2 Voxel Classiﬁer Parameter Estimation
The voxel classiﬁer stage of our algorithm serves as the baseline method and the
ﬁrst parameter estimation experiment. An outline of the experiment is shown in
Figure 3.2. The input into the voxel classiﬁer is an isotropically re-sampled CT
image of the nodule. The output of the classiﬁer is the binary image consisting
of voxels labeled nonsolid tissue. The binary output image is then compared to a
radiologist manual segmentation in terms of the overlap metric deﬁned in equation
3.1.
34Figure 3.2: Flowchart of voxel classiﬁer experiment. The input image
is region-of-interest around the nonsolid nodule, while the output is a
binary image consisting of the voxels classiﬁed as nonsolid.
The parameters for the voxel classiﬁer are σ which speciﬁes the gaussian curve
for the nonsolid tissue and the intensity values for the nonsolid τns and solid τs
tissue levels (deﬁned in equation 2.4). The τs parameter was set by an adaptive
histogram technique outlined in [12]. The τns and σ parameters were experimen-
tally evaluated to determine the optimal value. The values of the voxel classiﬁer
parameters are given in table 3.1. The range of nonsolid tissue intensities was
determined experimentally examining samples of nonsolid tissue (section 2.2.1).
The σ parameter was evaluated from 1 to 30 with a stepsize of 5.
Table 3.1: Classiﬁer Parameters
Parameter Values
τns (-924 HU) - (-624 HU)
σ 0-30
The voxel classiﬁer performance with respect to both σ and τns is shown in
Figure 3.3. Lower intensity levels classify more parenchyma tissue as nonsolid and
lead to oversegmentation of the nodule. The optimal τns value is the peak of the
curve at -760 HU. Increasing the τns parameter leads to a decrease in performance,
due to miss-classiﬁcation of nonsolid voxels as parenchyma. This eﬀect causes an
under-segmentation of the lesion.
35Figure 3.3: Voxel Classiﬁer performance with respect to nonsolid inten-
sity value over training set.
Intensity values between -764 HU and -724 HU have the highest degree of
overlap with the radiologist. In table 3.2 we examine these intensities in more
detail with regard to σ. The -745 HU and -744 HU values have an asymptotic
performance as σ increases in value. This can be explained by noting that the
σ creates a broader separation between the classes as its value increases. This
separation changes the probability values of class membership; as it increases no
additional voxels are assigned as nonsolid. The optimal performance is an overlap
score of 0.176.
36Table 3.2: Overlap results for voxel classiﬁer
τns,σ 0 5 10 15 20 25 30
-764 HU 0.169 0.174 0.175 0.175 0.175 0.174 0.173
-754 HU 0.166 0.173 0.175 0.176 0.176 0.176 0.175
-744 HU 0.163 0.171 0.173 0.175 0.176 0.176 0.176
-734 HU 0.159 0.168 0.170 0.173 0.174 0.175 0.176
-724 HU 0.154 0.164 0.167 0.169 0.172 0.174 0.175
3.2.1 Discussion
The voxel classiﬁer baseline algorithm achieves a maximum overlap of 0.176 with
the radiologist segmentation. The low overlap performance is attributed to the
large number of voxels that are incorrectly classiﬁed as nonsolid tissue. Reducing
these miss-classiﬁcations is left to the other stages of the algorithm, the noise
reduction ﬁlter and the vessel attachment removal ﬁlter. Based on the experiment,
the optimal parameter was set as τns=-744 HU with a σ=25.
3.3 Noise Filter Parameter Estimation
In this experiment the bilateral noise ﬁlter is added to the baseline algorithm to
determine optimal parameters and the improvement in performance. An outline
of the experiment is given in Figure 3.4. The smoothing ﬁlter is applied to the
input CT image before the voxel classiﬁer stage of the algorithm. The voxel clas-
siﬁer was set to the optimal parameters determined in the previous section. The
binary output from the classiﬁer is then compared to the radiologist segmentation
in terms of the overlap metric.
37Figure 3.4: Flowchart of the noise ﬁlter experiment. The bilateral noise
ﬁlter was added before the voxel classiﬁer to determine any improve-
ment in performance.
The parameters for the bilateral noise ﬁlter are the distance (σd) and intensity
(σr) similarity terms, deﬁned in equations 2.2 and 2.3. They specify the gaussian
functions that determine the weights applied to each neighbor. The values of the
parameters to evaluate were empirically determined and are shown in Table 3.3.
Smaller values were chosen for σd since the spatial diﬀerence in neighboring voxels
will be much smaller than the intensity diﬀerence (σr term).
Table 3.3: Parameters for Bilateral Filter
Parameter Values
spatial term σd 1,2,3,4,6,8,10,15,20
closeness term σr 5,10,20,40,60,80,100,150,200
The results of the experiment are given in Table 3.4. As the σr parameter
increases in value, there is a deﬁnite performance convergence. The performance
impact of the σd parameter is harder to quantify. Values greater than 3 do not
produce any noticeable impact on performance with higher values of σr. The
maximum performance of the bilateral ﬁlter/voxel classiﬁer is 0.189 overlap.
The asymptotic nature of the performance increase is graphically shown in
Figure 3.5. As the σr parameter increases, the overlap metric improves quickly,
38Table 3.4: Overlap results for Bilateral Filter
σd,σr 5 10 20 40 60 80 100 150 200
1 0.175 0.176 0.177 0.180 0.182 0.183 0.183 0.184 0.184
2 0.175 0.176 0.178 0.181 0.184 0.186 0.187 0.188 0.188
3 0.175 0.176 0.178 0.182 0.185 0.187 0.188 0.189 0.189
4 0.175 0.176 0.178 0.182 0.185 0.187 0.188 0.189 0.189
6 0.175 0.176 0.178 0.182 0.185 0.187 0.188 0.189 0.189
8 0.175 0.176 0.178 0.182 0.185 0.187 0.188 0.189 0.189
10 0.175 0.176 0.178 0.182 0.185 0.187 0.188 0.189 0.189
15 0.175 0.176 0.178 0.182 0.185 0.187 0.188 0.189 0.189
20 0.175 0.176 0.178 0.182 0.185 0.187 0.188 0.189 0.189
but converges around the value of 100. No signiﬁcant performance gain is noted
at points with a value greater than 100.
3.3.1 Discussion
The bilateral ﬁlter improves the performance of the baseline algorithm by 0.02 (2%)
in overlap with the radiologist segmentation. The smoothing of voxels within the
nonsolid nodule region improves the subsequent performance of the voxel classiﬁer.
Noise occurring in the parenchyma region is also reduced, removing some of the
miss-classiﬁed voxels that can occur without the noise ﬁltering stage.
39Figure 3.5: Overlap performance plot of noise ﬁlter performance with
respect to σr and σd parameters.
3.4 Vessel Removal Parameter Estimation
A third experiment was conducted to determine the optimal parameter values for
the vessel removal ﬁlter. The vessel removal stage of the algorithm is a geometric-
based post-processing ﬁlter that removes attachments to the lesion. The experi-
mental setup is given in Figure 3.6. The noise ﬁlter and voxel classiﬁer are run
with the optimal parameters determined in the previous sections. The vessel ﬁlter
40binary output is evaluated against the radiologist manual segmentations.
Figure 3.6: Flowchart of the vessel removal experiment.
The parameters er1 and rs (deﬁned in equations 2.8 and 2.11) were evaluated
to see their eﬀect on performance. The rs controls the size ratio parameter in the
ﬁrst level of the ﬁlter. The er1 parameter compares the ratio of the eigenvalues
of the principle axes decomposition of the binary image. The parameter values
examined are given in Table 3.5.
Table 3.5: Parameters for Vessel Removal Filter
Parameter Values
size ratio parameter rs 0.3 - 0.8
eigenvalue ratio parameter er1 1.0 - 2.6
The results to the experiment are given in table 3.6. The rs parameter, or the
size restriction parameter, achieves optimal overlap at 0.5-0.6. This is expected
since cylindrically-shaped vessel structures would occupy a similar percent of vol-
ume when examined in a spherical kernel. The er1 parameter achieves optimal
performance with values of 1.8 (rs = 0.5) and 1.4 (rs = 0.6).
3.4.1 Discussion
The vessel removal ﬁlter oﬀers a signiﬁcant increase in performance by removing
attachments to the lesion. The average overlap agreement with the radiologist,
41Table 3.6: Overlap results for Vessel Attachment Removal Filter
rs,er1 1.0 1.1 1.2 1.3 1.4 1.5 1.6 1.8 2.0
0.3 0.338 0.339 0.340 0.342 0.344 0.354 0.364 0.374 0.381
0.4 0.366 0.368 0.369 0.374 0.391 0.402 0.413 0.426 0.429
0.5 0.397 0.398 0.412 0.416 0.433 0.441 0.443 0.445 0.443
0.6 0.415 0.420 0.423 0.444 0.445 0.443 0.438 0.428 0.405
0.7 0.418 0.418 0.415 0.414 0.392 0.338 0.313 0.295 0.285
0.8 0.393 0.387 0.355 0.303 0.283 0.277 0.275 0.275 0.275
however, is only 0.45 when using the optimal parameters on the training set. There
are several explanations.
• Solid-tissue intensity vessels that intersect with the lesion are removed in
our segmentation process, but not in the case of the radiologist markings. In
certain cases, this can mean a diﬀerence of 20-30% in volume.
• Inconsistent radiologist markings. There is no correct way to mark these
types of lesions. The diﬀuse appearance can make boundary marking diﬃcult
for trained experts. There have been studies that examined inconsistency in
radiologist boundary markings of solid lesions, which are more clearly deﬁned
than in the nonsolid case [19]. One way to compensate for this eﬀect is to
gather a series of several markings from diﬀerent radiologists and generate a
ground-truth based on several sources of input.
423.5 Testing Validation
The training dataset was used to estimate the optimal parameters for the segmen-
tation method. A second dataset of equal size was used to evaluate the performance
of the parameters determined in the algorithm training. The results are given in
Table 3.7.
Table 3.7: Test Set Performance with Optimal Parameters
Dataset Average Overlap Min-Max Overlap
Training set 0.45 0.21 - 0.65
Testing set 0.43 0.20 - 0.69
The results on the testing set indicate a comparable level of performance for
the segmentation algorithm on the training and testing datasets. The low average
performance on both datasets indicates that our segmentation algorithm does not
signiﬁcantly agree with the radiologist boundary segmentations. Our original hy-
pothesis was to use the radiologist boundary markings as a ground truth for the
boundary of the lesion. Based on the experimental results, it is clear that there
is a diﬀerence between the segmentations of the nodule by our automated method
and the radiologist manual segmentations. In the next chapter, we compare each
segmentation directly to measure the consistency of growth measurement between
scans.
3.6 Segmentation Examples
In this section a series of example nodule segmentations are given. Each nodule is
shown through all stages of the segmentation algorithm. An example of a correct
43segmentation and incorrect segmentation are given. The optimal parameters that
were determined in the previous sections were used in the algorithm.
The ﬁrst example, which is of a correct segmentation, is given in Figure 3.7. The
leftmost image 3.7(a) is the original re-sampled CT image. The CT image has some
image noise occurring within the parenchyma (darker) tissue region that is reduced
in the noise ﬁltered image (Figure 3.7(b)). The edge information and boundary
of the lesion maintain intact, while the homogeneous regions are smoothed. The
voxel classiﬁer stage result is in Figure 3.7(c). The lesion is connected to vessels in
the bottom left corner. The binary output from the vessel removal ﬁlter is given
in Figure 3.7(d). The vessel connections to the lesion are removed, with minimal
loss of the lesion volume.
The second example, an incorrect segmentation, is given in Figure 3.8. The
image noise is signiﬁcantly worse in this scan (Figures 3.8(a) and 3.8(b)) compared
to the example in Figure 3.7. The output from the voxel classiﬁer stage indicates
two vascular connections to the lesion at the bottom and top. The vessel ﬁlter
removes the vessel on the upper right, but the vessel connected to the bottom
of the lesion is left intact. Incorrect sizing estimation of the vessel removal ﬁlter
kernel is the cause of the segmentation failure. Non-removed vessel attachments
made up a majority of the segmentation failures.
44(a) Original resampled CT image (b) Bilateral noise ﬁltered image
(c) Voxel classiﬁer image (d) Binary image after vessel removal
ﬁlter
Figure 3.7: Example correct segmentation of a nonsolid nodule
45(a) Original resampled CT image (b) Bilateral noise ﬁltered image
(c) Voxel classiﬁer image (d) Binary image after vessel removal
ﬁlter
Figure 3.8: Example incorrect segmentation of a nonsolid nodules
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Growth Consistency
In this chapter, we propose a diﬀerent metric to evaluate our segmentation results.
In the previous chapter, we estimated the optimal parameters for the segmentation
method with respect to a set of radiologist boundary markings. In this experiment
we will compare the consistency of growth measurement of our automated method
and the manually drawn segmentations from the radiologist. It is the hypothesis of
this work that our automated method will be more consistent than the radiologist
in detecting consistent growth rates of nonsolid nodules.
This chapter is divided into several parts. The ﬁrst part introduces the growth
consistency experiment. The second part outlines the dataset used in evaluating
the algorithm. The third section shows the results of a series of experiments
designed to compare the automated method with the radiologist. The fourth
section explores the use of a diﬀerent growth model and the eﬀect on consistency
results. The ﬁnal section shows several example segmentations and problem cases
that are challenging to the segmentation process.
474.1 Growth Consistency Experiment
The evaluation of an image segmentation method is a challenging problem in the
ﬁeld of medical imaging. Some of the more diﬃcult aspects include determining
accurate clinical ground truth, comparison with human observers and determina-
tion of actual performance. Segmentation of nonsolid lung nodules are particularly
challenging due to their ill-deﬁned and hazy appearance in CT images. Lack of
radiological standards in assessing these nodule types complicate matters of seg-
mentation. Accurate segmentation results do not explicitly imply that the method
provides any clinical relevance.
In Chapter 2, we determined the optimal set of parameters for the segmenta-
tion method based on the nodule markings of the radiologist. In this section we
want to examine the computed growth rate of nonsolid nodules over multiple time
scans. Our hypothesis is that nodule growth is likely to be consistent over time
or stable (i.e. no growth) over time. Nonsolid nodule growth patterns have been
observed to be slow[8] or stable[20]. In this experiment we want to compare our
automated segmentation method with the radiologist manually marked segmen-
tations to determine which method produces a more consistent measurement of
nodule growth.
A growth consistency metric is proposed to measure the diﬀerences in consecu-
tive volumetric growth rate calculations. Volumetric growth rate assessment is de-
pendent on measuring the change in volume of subsequent nodule measurements.
Inaccurate volumetric measurements could result in erroneous and inconsistent
growth rate calculation. Since we have observed constant growth patterns in these
types of lesions, in the ideal case consecutive growth measurements will not diﬀer
in value.
48An exponential growth model has been used in previous work to describe the
growth rates of solid tissue lung cancers[9, 24]. In the case of nonsolid nodules,
there exists no clearly understood growth model. In this research, we want to build
on the previous work with solid nodules and apply an exponential model to the
growth of nonsolid nodules. In addition to the exponential model, a linear growth
model is considered since it has been shown that nonsolid nodules tend to have
slower growth than solid nodules[8]. The linear and exponential growth models are
compared to determine which model delivers the most consistent growth results.
4.1.1 Growth Consistency Metric
The ﬁrst step in determining a measurement of growth consistency is the estab-
lishment of a nodules rate of growth. In this experiment, two growth models were
examined; the exponential model (equation 4.1) and the linear model (equation
4.4).
Exponential Growth Model
The calculation of growth consistency consists of examining two volumetric seg-
mentations of the same nodule at diﬀerent times. The nodules volumes are then
compared to look for changes in size. The exponential doubling time (DT) of the
nodule is the amount of time in days required to double its size in volume[21].
Given two volumetric segmentations of a nodule(V1,V2), the DT can be expressed
using the following equation 4.1.
DT =
ln2 ∗ ∆t
ln(V2/V1)
(4.1)
Nodule growth per month can also be deﬁned. The growth index (GI) of a
49nodule is the percent change in volume per month and is deﬁned in equation 4.2.
The GI metric is useful in the comparison of growth rates over a short amount of
time[22].
GI = 100 ∗ 2
((30.44/DT)−1) (4.2)
Growth consistency can be determined by examining consecutive growth rates
over a set of three distinct time scans of a single nodule. The ﬁrst growth rate
calculation can be compared with the second and the diﬀerence can be considered
a measurement of consistency. The growth variation (GV) of the nodule is deﬁned
as the absolute diﬀerence between the GI1 and GI2 growth rate calculations and
is deﬁned below in equation 4.3.
GV = |GI1 − GI2| (4.3)
Linear Growth Model
A linear growth model was used to model the volumetric change over time of the
nonsolid nodule. The linear volumetric growth rate is given in equation 4.4 and is
deﬁned as the percent volume change divided by the interval of time.
GL = 100 ∗
V2−V1
V1
∆t2−1
(4.4)
The equation in 4.5 is the absolute growth variation between the two consecu-
tive growth calculations (GL1,GL2).
GV = |GL1 − GL2| (4.5)
50In the ideal case, the nodule growth variation should be 0.0, or no diﬀerence. In
Figure 4.1, an example is given of the calculation of the growth index and growth
variation metrics for a nonsolid nodule. In this case, the growth index between
September 10, 2002 and December 3, 2002 was 4.5 (or 4.5% volume per month).
In the second time instance between December 2002 and June 2003, the growth
index slowed to 3.2% per month. The growth variation for this case was therefore
4.5 − 3.2 = 1.3
Figure 4.1: Example nodule showing the calculation of the Growth index
and Growth Consistency metrics
4.2 Growth Consistency Results
The growth consistency experiment consisted of a comparison between the auto-
mated volumetric segmentation method and a three-dimensional boundary mark-
ing. The consistency dataset deﬁned in section 1.4.4 was used as the experimental
dataset. This dataset consisted of three diﬀerent time scans for every nodule.
Growth consistency between the three scans can then be determined for both the
51automated method and the radiologist manual segmentations.
There were two sets of parameter used in the evaluation of the automated
segmentation method. The ﬁrst was empirically determined and reported in our
published paper[23]. These values were determined experimentally by examining
the eﬀects of the parameters on a few sample cases. The second parameter set was
the optimized parameters found in the experiments outlined in Chapter 3. Two
growth models were examined, linear and exponential as described in equations
4.4 and 4.1.
Table 4.1: Growth Consistency comparison segmentation methods
Method Parameters Linear Median GV Expon. Median GV
Radiologist N/A 3.53 3.00
Automated Method Optimal 3.02 2.17
Automated Method Empirical 2.35 1.87
The growth consistency results are given in Table 4.1. The results indicate
that the automated segmentation method has less growth variation, and there-
fore greater growth consistency than the radiologist boundary markings for both
exponential and linear growth models.
The empirically-determined parameters achieve a lower growth variation on
both growth models than the optimally-determined parameters. The cause of this
discrepancy is related to how the optimal parameters were determined experimen-
tally. The optimal parameters were found using the overlap of the segmentation
with the radiologist markings, which are less consistent in measuring subsequent
volume of the nodule. The less consistent radiologist volumetric results are due
to several factors; incorrect boundary determination, variance between diﬀerent
52markings of the same lesion and lack of clear interpretation of the scan. Optimiz-
ing the parameters based on such segmentations causes a lower consistency in the
reported results.
Performance with a linear growth model indicates a similar growth consistency
relationship. The automated method achieves less growth variation than the ra-
diologist, but the increase in consistency is not as pronounced. A similar trend is
noticed with the optimal and empirical parameters. The optimal parameters do
not achieve results as consistent as the empirically determined parameters. The
radiologist growth consistency with the linear model is not as consistent as the
exponential model.
Although the growth patterns for nonsolid nodules are not well understood,
based on these results it appears that the exponential growth model is a bet-
ter ﬁt for nonsolid nodules. The growth consistency of both the radiologist and
automated method is greater for the exponential model than the linear model.
The automated method was more consistent than the radiologist in both cases,
but more so in the exponential model. Attaining more consistent results for both
growth models and two parameter sets implies that the automated method is more
successful at measuring change in size than the radiologist.
The average size of the nodule across all three scans is plotted with respect to
the exponential model growth consistency in Figure 4.2. The smaller the nodule the
more susceptible a volumetric measurement is to noise and other imaging artifacts.
This impacts the accuracy in growth consistency and is evident in the nodule size
range less than 8 mm. The radiologist boundary marking is considerably worse
and indicates that automated segmentation methods could aid in the analysis of
smaller-size nodules. As the nodule size increases, so does the accuracy in the GV
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Figure 4.2: Growth consistency with the exponential model and nodule
size
calculation. For all size ranges, the automated method is more consistent than
that of the radiologist.
4.3 Growth Consistency Examples
In this section, several example segmentations of nonsolid nodules are presented.
In each case, the segmentations of each nodule are performed and the automated
method and radiologist boundary marking results are compared.
The ﬁrst example is shown in Figure 4.3. The automated method segmen-
54tations of the coronal view are given in Figure 4.3(a), the radiologist boundary
markings are given in Figure 4.3(b). The automated method has a growth vari-
ance (GV) of 1.79 percent volume per month whereas the radiologist boundary
marking has a signiﬁcantly higher GV of 7.15. The radiologist reports a high rate
of growth between the ﬁrst two scans, but a near zero growth between the second
and third scans. The automated method shows consistent growth around 2-3.5
percent volume per month.
(a) Automated Method Segmentation (Coronal View); GV = |3.70 − 1.92| = 1.79
(b) Radiologist Boundary Outline (Coronal View); GV = |7.07 − (−0.08)| = 7.15
Figure 4.3: Comparison of growth consistency for the automated method
and radiologist boundary markings
There is an identical setup in our second example, Figure 4.4. In this exam-
55ple, the automated segmentation has a GV of 6.46 percent volume per month.
The radiologist boundary markings are more consistent with a variation of only
0.27 percent volume per month. The automated segmentation results determine
a large increase in volume from the ﬁrst two time points and a slight decrease
in growth from the second and third times. The radiologist boundary markings
show a diﬀerent story; there is limited growth between all three scans, indicating
a segmentation error could have occurred in the ﬁrst time segmentation.
(a) Automated Method Segmentation (Coronal View); GV = |5.17 − (−1.29)| =
6.46
(b) Radiologist Boundary Outline (Coronal View); GV = |0.61 − 0.88| = 0.27
Figure 4.4: Comparison of growth consistency for the automated method
and radiologist boundary markings
564.4 Discussion
There were several instances in which the automated method segmentation re-
sults exhibited poor accuracy. As mentioned earlier in section 3.6, small vessels
were a common issue with segmentations due to their similarity with the intensity
characteristics of nonsolid voxels. This proved problematic when assessing growth
consistency. Interactions with nonsolid lesions were common with small vascular
structures, with over 70% of the nodules studied in the database having this fea-
ture. In Figure 4.5 there is a CT image of a nonsolid nodule and its binary nonsolid
voxel classiﬁcation before the vessel removal stage of the algorithm.
A
B B
A
Figure 4.5: Small Vessel issue; Region B contains a small vessel that is
successfully removed; Region A is a case in which partial voxels obscure
the separation between vessel and lesion boundary
The two circular regions (A and B) pictured in the ﬁgure are two vascular
connections to the lesion. The vessel in region A exists to the right of the center
circle, but due to partial voxels between the vessel and the boundary of the lesion,
57a group of miss-classiﬁed voxels accounts for most of the area. The ﬁlter was
designed to model vessels as appearing roughly cylindrical in structure and this
example represents more of an hourglass shape. Partial voxels and non-cylindrical
vessels are diﬃcult to completely remove from the lesion.
The vessel in region B appears smaller and more like a cylinder. Its intensity
proﬁle matches nonsolid tissue, but the impact of partial voxels around the vessel
is less. In this case, the vessel removal ﬁlter correctly identiﬁes voxels in region B
as vessel-type and removes them from the binary segmentation result.
Figure 4.6: Excessive Noise in a scan can impact the voxel classiﬁer and
make lesion isolation diﬃcult
An additional issue was excessive noise in the scan. In Figure 4.6 there is a
nodule with its nonsolid classiﬁcation binary image. The background parenchyma
and nonsolid voxels appear to overlap near the center of the lesion. The structured
nature of the noise impacts the classiﬁcation of voxels in the center of the lesion,
leaving empty spaces where nonsolid tissue should be. Although the number of
58cases with excessive noise is small, it can directly aﬀect the accuracy of the seg-
mentation approach. The noise ﬁlter cannot adequately reduce the noise in these
types of cases.
59Chapter 5
Nonsolid Density
In the previous chapter, the volumetric growth rates of nonsolid nodules were
determined. An additional characteristic of nonsolid nodules that could aﬀect
growth rate is the density of the lesion. In this chapter, a semi-automated method
is proposed to calculate the density of a nonsolid nodule. The relationship between
change in density and volumetric growth is explored as well as the inspiration of
the lungs and impact on measurement.
5.1 Previous Work
There has been limited work in the study of nonsolid density. Research by Kak-
inuma [25] examined the progression of nonsolid nodules detected in a screening
study. The dataset consisted of 8 cases which were classiﬁed as Stage 1A lung-
cancer (2 of which contained a minimal solid component, i.e. part-solid) that were
examined over a time period. Density changes were quantiﬁed as increasing, sta-
ble or decreasing by manual investigation from a radiologist. Size changes were
determined with a two-dimensional measurement of the maximum extent of the
60lesion.
Some of the more interesting reported ﬁndings of the paper included observa-
tions of nonsolid nodules decreasing in size while simultaneously producing a solid
component center (or density of lesion increasing in the center). The researchers
observed one of three classiﬁcations: increasing size (n=5), decreasing in size with
appearance of solid component (n=2), and stable size with increase in density
(n=1).
5.2 Dataset
The dataset for the density measurement experiment consisted of the 25 cases
used earlier in the growth consistency experiments. Each case had three time
scans. Experiments with inspiration were with a limited subset of the data that
contained three time scans of whole-lung CT images.
5.3 Calibration Correction
In this section we introduce a correction factor to account for diﬀerences in the
calibration of CT scans taken at diﬀerent times. Our calibration correction method
is a semi-atuomated method that adds a correction factor cpf1,cpf2 to the ﬁrst and
second subsequent scans. The ﬁrst step in the method (algorithm 1) requires the
investigator to manually select a 2D rectangle of pure parenchyma tissue in each
scan of the nodule. The region is then clipped out and the average voxel intensity
calculated.
The average intensity value of the parenchyma sample can be considered the
calibrated intensity value for the that tissue type. By determining the diﬀerence
61Algorithm 1 Calibration Correction
1: Manually select a rectangular region of the parenchyma to sample
2: Determine average intensity of sample region cal1,cal2,cal3 for all three scans
3: Apply a calibration correction factor to image, cpf1,cpf2 to second and third
scans
in intensity between two scans (cpf1 = cal1 − cal2) the calibration factor cpf1 can
be determined for the second scan. The correction term for the third scan can be
likewise be determined with cpf2 = cal1 − cal3.
5.4 Density Determination
The density method used an automated process to determine the density of the
lesion. The process is outlined in algorithm 2. The ﬁrst step in the method is to
estimate the center of the nodule from the maximum extent line marked by the
investigator. A spherical region sample is then extracted at the estimated center
point. The size of the sphere should be limited to achieve a sample representing
the center tissue intensities of the lesion. An additional constraint should limit the
spheres size to be near the smallest size nodule in the dataset. For this dataset, a
6 voxel diameter sphere was chosen based on empirical study and the diameters of
the lesions.
Algorithm 2 Automated Density Method
1: Estimate center of nonsolid nodule
2: Extract spherical sample of lesion with size sp = 6
3: Constrain density sample with voxels under hi-intensity value
4: Apply calibration factor cpf1,cpf2 to density sample
62Higher-intensity voxels belonging to vessel-structures were removed from the
spherical sample region. Voxels greater than intensity level -524 HU were consid-
ered to be solid component and not included in the density determination of the
lesion. This level was chosen based on empirical testing and observations on the
intensity values of solid vessels. The calibration factor determined for the ﬁrst and
second subsequent scans is then added as an oﬀset to the calculated densities. This
is done to set all scans to the base intensity of the ﬁrst scan in the case.
5.5 Lung Inspiration
Lung inspiration, or the amount of air in the lungs at the time of the scan, can
aﬀect the measured volume of the nodule. A new study has examined this eﬀect
on denser solid nodule volume[26]. The general hypothesis is that increasing lung
volume (higher inspiration) will increase the size of the volume while decreasing
density. Decreasing lung volume (lower inspiration) would decrease the size of the
lesion while increasing density. The experimental results indicated that there were
signiﬁcant diﬀerences in nodule size based on total lung capacity (inspiration of
the lung). In this experiment, a subset of the cases were analyzed to determine
the change in lung volume. Only scans that are whole-lung across all three time
points are considered, reducing the number of cases from 25 to 11. The results are
given in Table 5.2.
5.6 Results
The results for the density analysis are included in Table 5.1. The density of the
lesion is reported in terms of percent intensity change per month. The median
63change in density was found to be only 0.05 % per month, indicating that many
of the nonsolid nodules are not growing signiﬁcantly more dense. In several cases,
the change in density was more pronounced. Four cases had density changes of
more than 1% per month and three cases had decreases of density greater than 1%
per month.
Table 5.1: Density and consistency analysis measured in % change per
month
Mean Median Range
Density 0.19 0.05 -1.5 - 2.67
Consistency 0.70 0.45 0.04 - 2.19
The consistency results for the density measurements are given in Table 5.1.
The median diﬀerence between consecutive density measurements was found to
be 0.45% per month. Correlation between nodule growth and density change
is given in Table 5.2. The relationship of growth and density, inspiration and
density, inspiration and growth is determined. The results indicate that there is
no discernible correlation between growth, density and inspiration of the lungs.
Table 5.2: Correlation between growth and density of nonsolid nodules
Growth/Density Inspiration/Density Inspiration/Growth
Correlation 0.064 -0.152 -0.104
645.7 Discussion
The semi-automated measurement of nonsolid nodule density results indicate an
average slow progression of increasing density on the cases examined. There was
no correlation found between nodule volumetric growth rate and density change.
The eﬀect on inspiration on the measured quantities produced no noticeable cor-
relation. Density measurements were not particularly consistent, considering that
the median diﬀerence in measurement was signiﬁcantly higher than the median
density change across the dataset.
Density measurement of nonsolid nodules is challenging since nonsolid nodules
can progress to part-solid type with signiﬁcantly diﬀerent density proﬁles. Other
structures such as vessels may interact near the center of the lesion, complicating
a sampling procedure to estimate the density. Sampling size of the sphere impacts
the selection of which voxels to consider nonsolid tissue and can aﬀect the results.
Further work on density characterization of nonsolid nodules is needed in order to
understand the impact on volumetric measurement.
65Chapter 6
Conclusions and Future Work
An automated segmentation method for nonsolid nodules in lung CT images has
been developed. The optimal parameters for the segmentation method were de-
termined with the overlap of the radiologist manually marked segmentations. An
experiment compared the automated method with the radiologist method in terms
of measured growth consistency. In addition to volumetric results, preliminary
work was presented on modeling the nodule’s change in density over time.
6.1 Contributions
The main contribution of this thesis is the development and optimization of a
nonsolid nodule segmentation method. The optimal parameters for the segmen-
tation algorithm were estimated by determining the maximum overlap with the
radiologist boundary markings.
The consistency of growth measurements on nonsolid nodules is explored using
two diﬀerent growth models. The exponential and linear functions were used to
model growth of the nodules and the automated segmentation results were com-
66pared to the radiologist manual boundary markings. The results indicate that
both linear and exponential models are more consistent at measuring change with
the automated method than the radiologist.
The correlation of density and volumetric change was examined for all nodules
with three time scans. There was no correlation found between density and the
rate of growth of the nodule.
6.2 Future Work
Areas of future work include enhancements to the segmentation algorithm that
could improve accuracy and execution time. One such area is the noise reduction
ﬁlter. The noise ﬁlter is unable to suﬃciently smooth cases in which excessive
noise occurs in the scan. This occurrence is limited, but causes signiﬁcant issues
with later stages in the segmentation process. Often times a noisy scan will fail
completely at the vessel removal stage and no volume will be recovered. One
solution could handle high noise cases diﬀerently
An adaptive approach to the determination of the optimal nonsolid tissue level
in the voxel classiﬁer was brieﬂy explored in the scope of this research. An adap-
tive technique would have several advantages over a constant pre-determined tissue
level. Lung inspiration between time intervals can aﬀect the sensitive nonsolid tis-
sue intensity level. Scanner miss-calibration could result in diﬀering values of
parenchyma and nonsolid tissue intensities. Unfortunately, the adaptive technique
devised in this research had signiﬁcant shortcomings and proved more inconsistent
than the constant intensity level of -768 HU. A more robust method that mod-
eled the correct transition from parenchyma to nonsolid tissue could achieve more
67accurate results.
The vessel removal stage of the algorithm could be improved in terms of accu-
racy and execution time. Depending on the size of the nodule, this stage of the
algorithm can take a signiﬁcant amount of time. Speed-up could be achieved by
using lower-cost features to emulate the ones described in this research. Modeling
speciﬁc small vessel forms not covered as cylindrical may improve some of the cases
that are less consistent in segmentation.
The work on density measurement is preliminary work and further experimen-
tation is needed to understand the relationship between inspiration, nodule volume
and nodule density. There was no correlation found between volumetric growth
rate and density change.
Additionally, a more complete evaluation of the segmentation overlap could be
possible with the use of several radiologist boundary markings. In this case, a
three-dimensional probability map of the ’true’ nodule boundary could be devised
by determining the union of 4 or more radiologist boundary markings. The main
drawback to this approach would be the time it would take to mark all 25 cases
by 4 radiologists independent of one another.
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